Over the last few decades, we have seen an increase in both quality and quantity of 3D data sets. These data sets primarily come in the form of discrete points that are projected onto the surface of the object (point clouds) 
INTRODUCTION
A variety of techniques have been developed over the years to classify objects in images. A popular method is to find feature points (sometimes called key points) in an image and create a feature vector. Techniques such as the Scale Invariant Feature Transform (SIFT) are able to not only describe features in an image, but are also able to describe these feature points in a way that is invariant to translations, rotations, and scale [2] . While certainly a robust and studied technique, the feature matching is ultimately limited in matching objects with dramatically different poses (i.e. a picture of a car from the front, and a separate from the side). While these pictures relate to the same object they would likely have only a few 2D features in common.
For this reason we turn our attention from the realm of 2D feature descriptors to 3D feature descriptors. In the world of 3D images (created often from LIDAR systems and/or stereoscopic imagery), features can exploit invariances in shape in three dimensions, allowing for the possibility of feature descriptors which are invariant to position, rotation, and also pose of the object. This paper explores a technique to differentiate three dimensional (3D) objects into classes using 3D features. Our 3D feature extractors are known as Tripod Operators (T.O.s) [1, 3] which are described in Section I-A. Section I-B introduces a method for creating a library of these surface features for a known reference object. Finally, a matching metric is presented whereby a single feature vector can be said to 'match' or 'not match' the library within a tolerance.
The percentage of matches (PoM) between random surface features extracted from the reference object and its own library is explored in Section II-A. In Section II-B dissimilar objects are introduced and their surface features are compared to the reference library generating separable PoM leading to classification. Finally, we show the tolerance can AA A A NA be optimized to create an optimal classifying system. All of these computations are conducted by sampling DEMs or SEMs using T.O.'s.
A. Tripod Operators
The tripod operator is a class of feature extraction operators for range images which facilitate the recognition and localization of objects. It consists of three points in 3-spacefixed at the vertices of an equilateral triangle and a procedure for making several scalar measurements in the coordinate frame of the triangle [1] . A major advantage of the T.O. is that it can describe a 3D surface as a 1D feature vector making it computationally efficient to store and sort the features of a target object [3] [4] . Essentially, an equilateral triangle "opens" one triangular face at a time. The face opens until its vertex intersects the target object's surface. The angle between the adjacent triangular faces is the angular feature. A nine-dimensional tripod operator is illustrated in Figure 1 .
Previously, we demonstrated the T.O. can be made to work on data that is generated from point clouds by processing the discrete points into a reconstructed surface [5] . These reconstructed surfaces can take on many forms including polygonal meshes, rigid voxels, and projected digital elevation models (DEMs). We choose to represent our data as DEMs which record the height of a surface at a pixel location [u, v] corresponding to real world coordinates (x, y). To create a T.O., an equilateral triangle is dropped onto the surface of an object. The sides of the equilateral triangle are scaled to the size of the object. A fourth point is generated by rotating around an edge of the base triangle at a fixed distance until the object intersects the DEM surface (as shown in Figure 2 ) resulting in a second equilateral triangle. This can be rapidly done using a binary search algorithm. The total angular displacement between the base triangle and the new triangle is the first feature in the feature array. It is independent to three degrees of rotation and three degrees of translation. More triangular faces can be added in a similar manner creating N angular features with N+3 points on the surface of the object. Again, these features are independent of the position and orientation of the object. An example of a T.O. on a DEM surface, as well as the resultant feature array can be seen in Figure 3 . 
B. Feature Matching
A library of M features can be generated for a reference object by extracting multiple N-dimensional surface features from the surface at random. It should be noted that in addition to the feature vector, each dropped T.O. also has position and orientation components. These can be useful for many applications including pose estimation [5] and relative feature positional invariance. We intend to explore this positional invariance in future papers.
The minimum amount of error ( ) between a feature vector and the library is calculated using a matching metric. We chose the sum of absolute differences for its computational simplicity.
= min ( ) A binary decision can be made to determine if the minimum error is sufficiently close. The threshold decision is:
Here a constant predetermined tolerance, τ, determines how close the feature vector needs to be to be considered a match. In the following section, the distribution of the PoM as well as the effects of changing the tolerance value τ is explored.
II. MULTIPLE FEATURE MATCHES
The previous section showed how a 3D feature vector can be created using Tripod Operators. These features can be extracted creating an M x N library. A new feature can be compared to this library using a matching metric resulting in a minimum error. Finally, a binary decision can be made where '1' represents a feature match and '0' represents no matches.
A. Expected Percentage of Matches
A single match between a feature and a library is not sufficient for classifying the entire object. Similarly, for a finite length library, not all new surface features extracted from an object will match its own library. For these reasons, multiple features are extracted from a single object and compared; the resulting PoM becoming the quantity necessary for classifying the object.
Additional P surface features are generated by randomly sampling the surface of the reference object. These new surface features are compared to the library with a fixed tolerance, τ. The PoM (represented as variable µ) between the new surface features and the library is recorded.
The expected value of the percentage of matches E{µ} is not dependent on the total number of surfaces features examined. As with many feature matching problems, the distribution of the percentage of matches can be modelled as a Gaussian random process [6] . Figure 4 shows the results of a Monte Carlo simulation creating the distribution of the percentage of matches between a target object and its library. In the first case, 100 features from the surface are extracted at a time. In the second test, 400 surface features are compared to the library. Notice that the expected percentage of matches remains the same; however, the standard deviation for the 400 drops is significantly lower (specifically half, as is expected with a Gaussian random process).
The expected PoM is also dependent on the tolerance. If the tolerance is low, then few of the features will match the library; however, if the tolerance is high enough every feature will match. The function E{µ(τ)}, while monotonic, is not necessarily smooth.
B. Object Classification
When surface features from dissimilar objects are compared to the reference library, they will also have a percentage of matches. Generally, these percentages of matches are lower than the PoM between the reference object and its library ( Figure 5 ). Because of this, a classifier can be introduced. Should a µ collected from an object be greater than a predetermined PoM threshold (λ) the object will be classified as being similar to the reference object.
How separable the PoM between an object and its library are to the PoM of other objects to the same library is also dependent on the matching tolerance, τ. An optimal tolerance value can be determined by generated Receiver Operating Characteristic (R.O.C.) curves similar to the ones shown in Figure 6 . 
III. CONCLUSIONS
A technique for classifying 3D objects from surface features generated with Tripod Operators has been presented. While the method developed focuses on classifying objects as matching or not matching a single library, it can easily be extended to include multiple libraries. We have shown how such a system can be optimized to achieve the best performance.
The technique presented lends itself to both supervised and unsupervised learning techniques. In future works we intend to extend the statistical methods developed in this paper to work into such systems allowing for automated processing of 3D data.
IV.
